China has become the largest contributing country to global vegetation regreening. However, the regreening pattern and subsequent impact on arid areas have not been comprehensively evaluated. Therefore, we selected the Loess Plateau, a representative arid region that has undergone evident vegetation restoration, to investigate the spatial patterns and temporal trends, as well as the drivers of vegetation change. This study primarily focused on 12 afforested watersheds during 2000-2018. Furthermore, both the impacts of vegetation regreening on runoff for the past two decades and the future projections were quantified based on the fraction of photosynthetically active radiation (f PAR), the Budyko model, and the global climate models (GCMs). f PAR for the last two decades indicates that vegetation in the Loess Plateau has experienced a continuous increasing trend during the growing season, primarily in response to the implementation of the Grain for Green Project (GFGP). Of the 12 watersheds, 9 experienced significant f PAR change with a change rate above 50%, and 11 exhibited a significant increase (p < 0.05) in runoff sensitivity to vegetation regreening, which indicates that vegetation regreening plays an increasingly important role in controlling runoff variation. The decline in runoff caused by vegetation regreening was particularly noticeable before 2011 or 2012; afterwards, runoff tended to vary with precipitation. In the future (2020-2049 and 2050-2099), decrease in runoff by regreening will be limited, as runoff is anticipated to decrease by 3.5% in 2020-2049 and 4.1% in 2050-2099 with a 20% increase in f PAR. These results indicate that runoff tends to be stable even with continuous vegetation regreening. While the reduction of runoff by regreening will be limited in the future, rapid human-induced vegetation regreening may aggravate water scarcity when flash droughts occur and may result in disasters in water-limited regions to the socio-economic stability and agriculture. Our study will provide an applicable theoretical foundation for water resources decision-making and ecological restoration.
Introduction
The Loess Plateau is located in northern China's semi-arid and semi-humid climate transition zone. The region is home to the world's most severe soil erosion and water loss occurrence, with an average annual soil loss of 5000-10,000 t km −2 . Wind-deposited loess soils, low vegetation coverage, with an aridity index (AI) ranging from 0.9 in the southeast regions to 11 in the northwest regions (Figure 2a ). The soil type is dominated by entisol with an average depth in excess of 100 mm (Figure 2b ). Silt clay-loam texture is common, with a more sandy texture in the northwest and more clay in the southeast (Figure 2c ). Complex geomorphic landforms are located in the southwest, south, and middle regions of the Yellow River (Figure 2d ). Examples include, but are not limited to plateaus, ridges, mounds, and gullies with steep slopes. In contrast, a relatively flat area is located in the northwest region with a slope of less than 5 • (Figure 2d ).
The most severely eroded areas of the Loess Plateau are located along the middle Yellow River [20] , i.e., from the Hekou to Longmen (Figure 1) , and thus were considered critical areas for the GFGP. As such, 12 mostly afforested watersheds in the middle Yellow River were selected to investigate the influence of regreening on hydrologic responses. The spatial distribution of the 12 selected watersheds is shown in Figure 1 , and the hydro-meteorological characteristics are listed in Table 1 . Notes: R obs refers to the annual runoff depth, P re refers to the annual precipitation, and PET refers to the potential evapotranspiration calculated by the Penman-Monteith method. AI refers to the aridity index which is defined as the ratio of PET to P re . The time range is 2000-2017.
Data Sources

Runoff and Climate Data
Monthly runoff records at the hydrological stations were obtained from the Hydrological Bureau of the Ministry of Water Resources of China. Daily meteorological records for the 72 national meteorological stations from 2000 to 2017, including precipitation, temperature, relative humidity, wind speed, sunshine duration, and vapor pressure, were acquired from the National Climatic Center of China Meteorological Administrator (http://data.cma.cn/). Biases in precipitation have been widely recognized due to station distribution, observational techniques, and gauge measurement error, and such biases can introduce significant uncertainties in the data application. Thus, a bias correction to precipitation was implemented by using the following equation:
where P c is the bias-corrected precipitation, P g is the daily precipitation from the gauge observation, and ∆P w is the wetting loss. CR is the catch ratio defined as the ratio of gauge precipitation to the true precipitation. A larger CR value indicates that more precipitation is caught by the instrument. Figure 3a shows the remarkable difference in CR spatial distribution, with values spanning from 0.82 to 0.98. The corrected precipitation was calculated according to the CR values over the Loess Plateau ( Figure 3b ). The daily precipitation was then aggregated to annual values, interpolated into the space grid, and extracted by the 12 watersheds polygon to get the watershed precipitation. Four typical global climate models (GCMs) were selected in our study to project future climate factors trends: (1) Beijing Climate Center Climate System Model version 1.1 (BCC CSM1.1); (2) Beijing Normal University Earth System Model (BNU-ESM) version 1; (3) the second generation Canadian Earth System Model (CanESM2), and 4) the Geophysical Fluid Dynamics Laboratory Climate Model, version 3 (GFDL-CM3). There are three Representative Concentration Pathways (RCPs) in the GCMs, i.e., RCP2.6, RCP4.5, and RCP8.5. Under the extreme RCP8.5 scenario, the area is prone to suffer more droughts and water scarcity [21] . Thus, the RCP8.5 was selected to maximize the climate change signal of the four models during the period of 2020-2099 to simulate an enhanced impact on water resources. Using such an extreme RCP scenario will be helpful for understanding the impact of vegetation regreening on water resources under extreme climatic conditions and for developing adaptive strategies and mitigating economic losses to extreme events. The four models' output variables include precipitation, near-surface air temperature, near-surface relative humidity, surface downward longwave and shortwave radiation, and near-surface wind velocity. From these variables, the future potential evapotranspiration (PET) and aridity index (AI) values in the Loess Plateau were generated. The estimated climatic data were bias-corrected and downscaled to a 0.5 • × 0.5 • spatial resolution, and the mean value of each climatic factor in the 12 watersheds was calculated. In the models, the wind velocity is given as eastward (ewd) and northward (nwd) vector components. Therefore, the monthly wind velocity is calculated using √ ewd 2 − nwd 2 . GCM details are listed in Table 2 . Monthly soil moisture datasets with a spatial resolution of 0.25 • × 0.25 • for soil intervals at 0-10 cm, 10-40 cm, 40-100 cm, and 100-200 cm were obtained for the years 2000-2018 from the Noah of the National Aeronautics and Space Administration (NASA) Land Data Assimilation System (GLDAS), (https://disc.gsfc.nasa.gov/datasets). These soil datasets have demonstrated good performance in capturing soil moisture variation and have been widely used in Hydro-meteorological research [26] . In this study, soil moisture within these four layers was accumulated into the total water storage to a depth of 2 m. Moreover, water storage changes (∆S) in the 12 watersheds were extracted by the watershed boundaries. The soil type and sand content over the Loess Plateau were obtained from the Data Center for Resources and Environmental Sciences, Chinese Academy of Sciences (RESDC) (http://www.resdc.cn). The soil type dataset was generated by the national soil field survey and classified by the traditional Genetic Soil Classification of China [27] .
Land Cover Dataset
Remotely sensed land use/cover datasets (LUCDs) covering the Loess Plateau in 2000 and 2015 were obtained from the LUCDs of China [28] . The datasets with a classification accuracy above 94% were interpreted from medium resolution (30 m) Landsat series satellite images by a human-computer interactive interpretation and post-classification comparison method. Six classes, including cropland, forestland, grassland, waterbody, unused land, and build-up land, as well as 25 subclasses, were classified in the LUCDs. This study focused on forestland and grassland to investigate the evolution of vegetation in recent decades.
MODIS and Other Datasets
8-day composited MODIS f PAR data, covering 2000-2018, with a spatial resolution of 500 m, were obtained from the USGS Earth Resources Observation and Science (EROS) Center (https: //e4ftl01.cr.usgs.gov/MOLT) to investigate the vegetation regreening. f PAR is defined as the fraction of photosynthetically active radiation (400-700 nm) absorbed by the green elements in vegetation canopy and has been shown to effectively characterize vegetation dynamics [29] . The 8-day data were first averaged into monthly data, and then the monthly f PAR in the growing season (April-October) were averaged to annual data for the 12 watersheds. A digital elevation model (DEM) with a 30 m resolution was downloaded from Geospatial Data Cloud (http://www.gscloud.cn/).
Methods
Aridity Index Calculation
AI is calculated from the ratio of PET to P re as follows:
where PET is the annual potential evapotranspiration (mm year −1 ), and P re is the annual precipitation (mm year −1 ). The daily PET is estimated by the Penman-Monteith method, which is recommended by the Food and Agriculture Organization (FAO) [30] and is expressed as follows:
where R n is the daily net radiation at the canopy surface (MJ m −2 d −1 ), G is the soil heat flux density (MJ m −2 d −1 ), T a is the mean daily air temperature ( • C), and U 2 is the wind speed (ms −1 ), both at a height of 2 m. ∆ is the change slope with respect to the saturation vapor pressure in relation to air temperature (kPa • C −1 ), and γ is the psychrometric constant (kPa • C −1 ). The variables e s and e a are the saturation and actual vapor pressure (kPa), respectively, which are calculated based on the surface relative humidity (RH, %) and the maximum (T max , • C) and minimum (T min , • C) air temperatures. R n can be estimated by the net shortwave radiation (R ns ) and net longwave radiation (R nl ).
Sensitivity Analysis and Contribution of Regreening to Runoff Change
The sensitivity of runoff to the landscape parameter n (ε n ) is calculated using the following equation [31, 32] :
where ∂R/∂n is the partial differentiation of runoff to landscape parameter n. A positive value of ε n indicates an increase in runoff as n increases, while a negative ε n value indicates a decrease in runoff as n increases. For example, if ε n is equal to −0.1, then a 10% increase in n will cause a 1% decrease in the runoff. The Budyko framework effectively describes the interaction of hydrology, climate, and watershed characteristics [16, 18] . For a specific watershed, the water and energy balance over a long period obeys the Budyko hypothesis [33] . A variety of models were derived based on the Budyko framework, to quantify the impact of watershed characteristics on runoff. One of the most widely used models is mathematically expressed as follows [17] :
where ET is the actual evapotranspiration (mm year −1 ); and n is an empirical parameter that represents the combined effect of climate and watershed characteristics [15] . According to previous studies, n is primarily determined by the underlying physical condition of the watershed, climate variation, and vegetation condition [34] . Recently, Zhang and Yang [10] reported that the ratio of ∆n to ∆f PAR has a strong relationship with the aridity index; thus, the vegetation regreening, represented by f PAR, can be converted into ∆n. The following equation reasonably calculates ∆n:
According to Equation (4), the runoff change caused by parameter n (∆R n ) can be expressed as:
Combined Equations (6) and (7), the contribution of vegetation regreening to runoff change (∆R fPAR ) as follows:
where ε n and the sensitivity of runoff to precipitation (ε p ) are calculated by:
For a closed watershed, the water balance is expressed as:
where ∆S is the terrestrial water storage change (mm year −1 ), which describes the moisture storage changes in surface and subsurface stores. It has been established that the water storage can be regarded as constant and ∆S can safely be neglected (∆S = 0) over long time scales [35] . However, the ∆S varies significantly from 2000 to 2018 in the 12 watersheds ( Figure 4 ). Therefore, it cannot be neglected at an annual scale, as this can lead to large uncertainties in the water balance model [26] . For a specific period, the watershed parameter n can be solved by combining Equations (5) and (11) ; then the contribution of vegetation change to runoff ∆R fPAR can be determined. The sensitivity ε fPAR and the relative contribution rate RC_f PAR of regreening to runoff change can be evaluated as:
To investigate the response of the hydrological cycle to vegetation greening in the future, we designed five numerical experiments to quantify the influence of vegetation regreening on runoff variation. First, we obtained the climate condition (including PET, P re , and AI) during 2020-2049 and 2050-2099 based on the four GCMs. Next, we presumed the vegetation would be regreening, under the future climate condition, in five scenarios. Thus, we set the change rate of f PAR as 0%, 20%, 40%, 60%, and 80% with respect to the mean values of 2000-2018, respectively. Based on Equation (13), the runoff change resulting from different regreening scenarios can be evaluated.
Statistical and Trend Analyses
The f PAR trends at the pixel scale (500 m) and the varying contribution of regreening to runoff within the 12 watersheds during 2000-2016 were identified using the Mann-Kendall (MK) test [36] . The MK test is a rank-based nonparametric method that is less sensitive to outliers than other parametric statistics and has been widely used in hydrology and climatology research [37] . The statistical Z value from the MK test was used to define whether the level of significance is reached. Critical Z values of ±1.64, ±2.58, and ±3.29 were used for the probabilities of p = 0.1, 0.01, and 0.001, respectively. In this study, the MK test is applied to examine the annual trend in the AI and related climatic factors. The f PAR mean, trend, and Z values were mapped using the ArcGIS 10.2 software. In over 97% of pixels over the Loess Plateau, f PAR showed an increasing trend (Figure 5b ). Regreening trends were also observed in the central Loess Plateau, and were remarkably different from the annual mean f PAR pattern, particularly in the 12 selected watersheds. MK test showed that f PAR in all 12 watersheds increased significantly (p < 0.001). This was especially evident in watersheds 11, 12, 8, and 9, where f PAR values reached 0.0107, 0.0115, 0.0121, and 0.0125 with Z values of 5.25, 5.25, 5.12, and 5.11, respectively.
Results
Vegetation Regreening Characterized by fPAR
As is evident in the first three years after 2000 (Figure 5c ), generally, the annual f PAR in the 12 watersheds experience a significant increase (p < 0.001) at a rate of 0.0091 year −1 . Selecting the first five years (2000) (2001) (2002) (2003) (2004) as a benchmark, the change rates of f PAR in other years were calculated. Results for the end of 2016 showed that the f PAR change percentage of the 12 watersheds ranged from 43.9% to 89.1%, with a mean value of 62.6% ( Figure 6 ). Among the 12 watersheds, 9 experienced an f PAR change percentage exceeding 50%, while the largest values were found in watersheds 8, 9, and 5, with values of 89.1%, 79.4%, and 76.9%, respectively. Figure 7 shows the variations in annual runoff, precipitation, and f PAR; while Figure 8 shows the runoff sensitivity to vegetation regreening throughout the 12 watersheds. During 2000-2018, the f PAR increased in each of the 12 watersheds, yet the runoff varied markedly from one watershed to another. Only one of the 12 watersheds, watershed 7, showed a continuous decrease in runoff as a function of vegetation regreening. In contrast, two of the watersheds, watersheds 10 and 11, demonstrated increasing runoff across the entire study period. With respect to the other watersheds, watersheds 1, 3, 4, 5, 9 and 12 exhibited an obvious decrease in runoff prior to~2012 and then increased with continuous vegetation regreening.
Response of Runoff to Vegetation Regreening in Recent Years
Runoff Variation and Its Sensitivity to Vegetation Regreening
The responses of runoff change to vegetation regreening throughout the 12 watersheds reveal two points: first, the response of water cycle to vegetation regreening exist strong regional difference; second, such a response also has an obvious temporal effect, i.e., exhibiting different trends at various time scales. Generally, the spatial heterogeneity in topography, slope, and elevation grow with the watershed size, which can lead to more complex effects that offset the annual runoff response to vegetation regreening. Even though the vegetation continues to regreen, the runoff cannot decrease continuously, and it can reach a tradeoff between the impact of regreening and the comprehensive hydroclimate of a specific watershed. The reduction effect in runoff by vegetation recovery has been supported by several studies [13, 38] . Our research in the middle Yellow River (Figure 7) found that reduction in runoff tended to be stable, but the runoff is prone to affect by the precipitation variation after~10 years of vegetation regreening. To confirm the increasing impact of precipitation on runoff, we compared the Pearson coefficient (r) of the correlation between runoff and precipitation between 2000-2010 and 2006-2016. The results showed that the r-value increased significantly in all the watersheds except for watershed 7, especially for watersheds 2, 3, 5, 6, 9, 11, and 12, where r > 0.75. Therefore, the runoff will not sharply decline for the next several years, as it will respond exclusively to the variation in precipitation without the dramatic effect of human activity or climate change. The runoff sensitivity to regreening varies remarkably between watersheds, with values ranging from −0.325 in watershed 6 to −0.098 in watershed 12 (Figure 8a) . The mean runoff sensitivity to f PAR value for the 12 watersheds is −0.201, which indicates that 10% of vegetation regreening can cause an average decrease in runoff of~2.01%. In contrast, the runoff sensitivity to precipitation (ε p ) generally increases in all of the 12 watersheds, with the mean value of 3.27 (Figure 8b ). This indicates that 10% increase in precipitation will lead a 23.7% increase in runoff. Comparison to the pattern of Figure 8a ,b, it is clearly can be seen that there is a complementary relationship of f PAR and precipitation on controlling the runoff, i.e., when the year of stronger sensitivity to f PAR, while weaker to precipitation, and vice versa. The absolute runoff sensitivity to regreening (ε fPAR ), for the 12 watersheds, does not exhibit a continuously increasing trend; rather, it increases until~2006 and then decreases until 2015 ( Figure 8a ). The abrupt changing point of ε fPAR in~2006 indicates that it reached its climax value seven years after the ecological restoration was implemented in the Loess Plateau; followed by a ten-year decline in runoff sensitivity to vegetation, which is especially evident in watersheds 8-12, with sensitivity values <−0.10. With the declining in ε fPAR , the ε p obviously increases in most watersheds. Using the one-way variance test, we found that the difference of ε p between the period of 2002-2010 (mean of 3.16) and 2011-2014 (mean of 3.37) is significant (p < 0.05), which indicates that the precipitation has become the dominant factor in determining the runoff variation after around 2011 or 2012, especially in watersheds 1-9 and 12 (Figures 7 and 8b ).
Impact of Vegetation Greening on Runoff
Based on the change rate of f PAR ( Figure 6 ) and runoff sensitivity to regreening (Figure 8 ), the relative contribution of regreening to runoff change, compared with the first five years (2000) (2001) (2002) (2003) (2004) , was calculated and is shown in Figure 9 . Generally, the contribution rate of vegetation regreening to runoff change varied among different watersheds, ranging from −6.33% in watershed 4 to −2.67% in watershed 12, with a mean rate of −5.09%.
The relative contribution rate of f PAR to runoff showed an increasing trend with varying amplitudes in all watersheds from 2003 to 2014 (Figure 9 ), which demonstrates that regreening played an increasingly important role in influencing the water resource. The most significant regreening contribution rate to runoff change appeared in watershed 5 with a value of −0.618 year −2 (p < 0.001), while the lowest rate occurred in watershed 12, with a value of −0.155 year −2 (p > 0.05). It is evident that the watersheds located on the west side of the Yellow River (watersheds 1-9, Figure 1) , generally have larger regreening contribution rates to runoff than watersheds 10-12, which are located on the River's east side. Figure 10 shows the predicted variation in precipitation, PET, and AI throughout the 12 watersheds for the periods of 2020-2049 and 2050-2099. These trends were derived from the four GCMs (Table 2 ). In alignment with global climate change, precipitation exhibits an increasing trend of 3.10 mm/year (p < 0.1) and 1.01 mm year −1 for previous and later periods, respectively, which means an increase in water availability throughout the 12 regreening watersheds. The PET also shows a significant increasing trend, with values of 2.31 (p < 0.1) and 1.89 (p < 0.01) for periods 1 and 2, respectively, which could lead to more atmospheric water evaporation, resulting in less freshwater availability. However, under the dual impact of precipitation and PET, the aridity index shows a slightly decreasing trend, indicating that the climate will become wetter. Such climatic conditions will be beneficial for vegetation regreening and ecological restoration.
Hydrological Response to Vegetation Regreening in Future Decades
Based on the five scenarios of vegetation regreening, the impact of regreening on runoff under the future climate projection was analyzed for the two subperiods of 2020-2049 and 2050-2099. Results show that runoff will increase by approximately 50.7% in 2020-2049 and 30.2% in 2050-2099, with no consideration of the vegetation change (∆f PAR = 0) ( Figure 11 ). For the other four vegetation regreening scenarios, ∆f PAR of 20%, 40%, 60%, and 80%, the runoff change rate will decrease from 47.2% to 37.7%, and from 26.2% to 15.3% for the two periods, which indicates that vegetation regreening will consume more water for evapotranspiration. For the sensitivity of runoff to vegetation regreening, a 20% increase in f PAR will cause a 3.5% and 4.1% decrease in the runoff change rate for periods one and two, respectively. Generally, runoff continues to increase for different vegetation regreening in all watersheds and scenarios in most of the watersheds for both of the subperiods. 
Discussion
Underlying Drivers of the Rapid Vegetation Regreening after 2000 in the Loess Plateau
Previous studies have reported that large-scale vegetation changes can be easily captured by remotely sensed observations, and the remote sensing-based vegetation parameters, f PAR, can effectively reflect the vegetation conditions [9] . In this study, we observed the regreening trend in the Loess Plateau after the implementation of the GFGP using the MODIS data ( Figures 5  and 6 ). Substantial increasing vegetation regreening trends were also detected throughout the 12 watersheds since 2000 ( Figures 5 and 6 ), which are highly consistent with the time and key regions of the GFGP implementation. To further explore the underlying vegetation regreening factors, the change rates of forest and grass over the Loess Plateau and 12 watersheds between 2000 and 2015 were compared ( Figure 12 and Table 3 ). With respect to forest, 10 of the 12 watersheds exhibited a positive change rate. The largest forest change rate occurred in watershed 8, with a value of 55.7%, followed by those of watersheds 5, 6, 9 and 3, with values of 39.1%, 29.3%, 29.3%, and 28.0%, respectively. Overall, the mean change rate of the 12 watersheds reached 12.7%; much higher than other locations in China and around the world [39] . For grass, all the watersheds, except for watershed 2, showed a positive rate from 2000 to 2015 and depicted a larger average change rate (123.1%) as compared to the forest ( Table 3 ). The two largest change rates appear in watersheds 5 and 12 with values of 828.6% and 795.4%, respectively. The next largest change rates were watersheds 11, 4, 6, 9 and 10, with values of 239.6%, 175.3%, 169.5%, 157.1%, 147.4%, respectively. Therefore, the large change rates of the forest and the grass throughout the 12 watersheds were a result of GFGP implementation. After 2000, GFGP implementation became the dominant driver for the rapid regreening of key areas in the Loess Plateau. 
Implications of the Impact of Vegetation Regreening on Eco-Hydrology in Water-Limited Regions
It has been established that reforestation can decrease runoff and deforestation can increase runoff at different magnitudes [13] . Furthermore, our findings demonstrated that the runoff sensitivity to regreening was large after the first ten years of reforestation (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) , particularly in watersheds 1-7 (Figure 8 ). However, after 2010, such sensitivity tends to significantly differ among the 12 watersheds. As shown in previous studies [10, 18] , the underlying cause of runoff sensitivity variations to vegetation can be attributed to the combined effect of climate, vegetation, anthropogenic interference, soil characteristics, or topography. Since the soil and topography do not change frequently over the last two decades, thus sensitivity is mainly affected by climate, vegetation, and human activities. Climate change, particularly in precipitation, can significantly impact the runoff variation. We find that the impact of vegetation on runoff will decrease with increases in precipitation and vice versa in the 12 watersheds (Figures 7 and 8) , and this is consistent with previous studies conducted in different climate regions [10, 40] . It is noteworthy that larger sensitivity of runoff to vegetation in arid conditions, such as years or seasons with high temperatures and low precipitation, will accelerate water scarcity. This can cause great damage to agricultural production and societal economy if the vegetation continuously regreens in water-limited areas [21] .
The relatively small negative contribution rate of f PAR change to runoff change indicates that although the vegetation regreening reduces runoff, it was not the dominant factor for runoff variation in the Loess Plateau in the past two decades (Figure 9 ). The contribution values of vegetation to runoff in our study are different from those of previous studies [41, 42] for the following reasons: Firstly, there was an increase in precipitation in recent years. Compared with the period of 1980-1999, annual precipitation increased by nearly 9% during 2000-2017, and even reached 21% during 2010-2017. Secondly, previous work that did not give an explicit equation for the vegetation change and runoff variation certainly assumed that the change in runoff attributed to the change of the parameters of n [43] or w [41] in the Budyko framework. However, this assumption is inappropriate due to the number of factors influencing those parameters [44] . For a longer temporal scale, the runoff will not be stable in the coming 30 years in all scenarios, in response to the gradually increasing precipitation trend and larger increasing PET rate ( Figure 10 ).
The large changes in f PAR for the 12 watersheds demonstrate that the vegetation and degraded ecosystem have been significantly recovered since the implementation of ecological restoration, and severe soil losses have rapidly decreased. However, the central government of China recently made a new plan to invest another 9.5 billion USD for the purpose of intensifying the GFGP in the Loess Plateau by the middle of the 21st century [1] . This new strategy has been the center of ample attention and debate. A primary concern is whether an infinite investment in regreening will enhance negative eco-hydrological effects, such as a decline in soil moisture [3] and an increase in drought frequency [45] .
The GFGP is a trade-off between vegetation regreening and eco-hydrological balance [6] . On one hand, reforestation or re-vegetation plays a positive role in reducing sandstorms, soil erosion and floods, and improving vegetation carbon sequestration and food supply [46] . On the other hand, the vegetation regreening poses a threat to regional freshwater availability [45] and facilitates drought [3] in water-limited regions such as the Loess Plateau. For a long period, areas around the middle Yellow River, especially the 12 selected watersheds in our study, have been the most sediment-laden regions in the world, and have accounted for approximately 90% of sediment loss in the Loess Plateau [4] . This high load of sediment from the Loess Plateau deposited in the lower reaches of the Yellow River (Figure 1) , formed a riverbed at a height of 20 m above the surrounding land surface. Fortunately, the rapid regreening of vegetation in recent years over the Loess Plateau has significantly reduced the soil erosion, and the sediment discharge has been successfully reduced to the historical level of one thousand years ago [6] . Therefore, the current regreening program is beneficial for regional ecological balance and human-nature sustainable development; however, continuous vegetation regreening and its impact on eco-hydrology still requires future research.
Uncertainties and Prospects
In this study, the influence of regreening on runoff has been identified in terms of the most afforested 12 watersheds over the Loess Plateau. However, this work also had to contend with some inherent limitations. First, the selection of the CMIP5 GCMs simulations to project future climatic conditions automatically introduces uncertainties. While the GCMs are the only known effective tool to depict the complex processes and to determine future climate change, they also exhibit various sources of uncertainty, e.g., coarse spatial resolution, insufficient description of the subgrid-scale processes, and model structures [47] . Earth's orbit, precession, and tilt may be periodically perturbed by the natural solar/astronomical oscillations of solar system [48] . Perturbations of this type can cause significant solar radiation redistribution and climate change. However, the mechanisms related to this planetary oscillation are absent from the CMIP5 GCMs, which calls into question whether they can be relied on to accurately interpret and predict future climate change. In our study, four typical GCMs under the RCP8.5 scenario were employed to project an extreme climate scenario. Although we averaged their projected climatic values for the two long periods (2020-2049 and 2050-2099) to reduce errors from different models, other errors may still exist. However, we mainly focused on the general trend of climate change ( Figure 10 ) and its impact on the relative change of runoff in our study and the usage of the GCMs characterizing the direction of climate change is valuable. Second, according to the Budyko hypothesis, several models were derived from the original form [14, [16] [17] [18] . The single one (Choudhury-Yang model) was used in our study, which may introduce uncertainties in the follow-up analysis. However, several studies have reported that all of the equations share a similar curve pattern with no significant differences [31] . Such uncertainties caused by equation selection should be limited. In addition, the runoff can be affected by several factors, including vegetation, climate (precipitation and PET) and human interference. In this study, we focused mainly on the impact of vegetation regreening on runoff variation with the assumption that vegetation is independent of other factors. This assumption may introduce some uncertainties as those factors can interact with each other.
Regardless of the uncertainties mentioned above, our preliminary work presents a valuable case for quantifying the vegetation regreening change and its impact on runoff.
Our intention in this paper is to use these findings as a baseline for follow-up research to investigate the interaction and feedback mechanisms between the vegetation regreening and hydrological processes. A distributed hydrological model [49] , coupled water and energy balance and vegetation change, will be introduced for paired watersheds experiment. This will help for understanding the relative independent contribution of hydro-meteorological variables, such as precipitation, PET, canopy interception, vegetation transpiration, soil evaporation, snow depth, and groundwater, etc., to runoff change.
Conclusions
Using the f PAR, water-energy balance model, and GCMs' climate change, we quantitatively assessed the responses of the hydrological cycle to vegetation regreening throughout 12 watersheds of the Loess Plateau in both the past and future. Results showed that: (1) the f PAR throughout in the 12 watersheds showed a considerable regreening trend, and the rapid increase in forest and grass coverage was the dominant driver for the regreening; (2) the trend of runoff sensitivity to regreening underwent an abrupt reversal from increasing to decreasing in 2006 and has declined ever since. The increasing trend in RC_fPAR was significant in 11 out of 12 watersheds (p < 0.05), which demonstrates that regreening is playing an increasing role in controlling the runoff variation; and (3) climate change will increase the runoff by only 50.7% and 30.2% during the periods of 2020-2049 and 2050-2099, respectively, based on climate projections. However, runoff is reduced in different regreening scenarios, with a mean decrease value of 3.5% and 4.1% per 20% increase in f PAR for the periods of 2020-2049 and 2050-2099, respectively.
This study presents a very promising case for using the moderate spatial resolution and temporal frequency satellite-based vegetation index to evaluate the influence of vegetation change on the water cycle. In the future, we will continue to investigate the impact of vegetation change on soil moisture and evapotranspiration, including its three components (canopy interception, leaf transpiration, and soil evaporation), by using satellite-based vegetation index of leaf area index (LAI) and distributed hydrological models, and finally to reveal the physical mechanisms for the eco-hydrological effect of vegetation change.
